This paper applies new econometric tools to monitor and detect so-called "financial market dislocations," or periods in which substantial deviations from arbitrage parities take place. In particular, we focus on deviations from the triangular arbitrage parity considered here for exchange rate triplets. Due to the increasing media attention towards mispricing in the market for cryptocurrencies, we include the cryptocurrency Bitcoin in addition to fiat currencies. We do not find evidence for substantial deviations from the triangular arbitrage parity when only traditional fiat currencies are concerned. However, we provide evidence for significant deviations from triangular arbitrage parities in the newer markets for Bitcoin.
Introduction
In arbitrage-free markets, assets with the same payoff structure should have identical prices. However, empirical studies demonstrate that pricing identities following from the idea of arbitrage-free markets often fail to hold exactly in real-world datasets. To explain such deviations, the limits to arbitrage literature considers restrictions or constraints implying that arbitrage opportunities cannot be exploited.
In this case, the equalities following from the assumptions of an arbitrage-free market -i.e., arbitrage parties -are not necessarily fulfilled, due to the presence of trading constraints (see, e.g., Shleifer and Vishny, 1997; Gromb and Vayanos, 2010) . Trading costs, illiquidity, and short-sale constraints are prominent examples of phenomena causing market imperfections (see, e.g., Gagnon and Karolyi, 2010) . In extreme cases, such as during periods of disaster or financial crisis, substantial arbitrage parity deviations can be observed across multiple assets (see, e.g., Veronesi, 2004; Barro, 2006 Barro, , 2009 Bollerslev and Todorov, 2011) . Such periods of significant deviations from arbitrage parities are also referred to by the literature as "financial market dislocations," defined more precisely by Pasquariello (2014) as "circumstances in which financial markets, operating under stressful conditions, cease to price assets correctly on an absolute and relative basis."
Given the omnipresence of deviations from arbitrage parities even under normal market conditions, the empirical literature has turned to asking whether and under which circumstances these deviations can actually be exploited and lead to riskless profits (see, e.g., Matvos and Seru, 2014; Fleckenstein et al., 2014; Pasquariello, 2014) . In other words, this literature considers parity deviations from an arbitrageur's or investor's point of view. In this article, we instead use empirical tools to investigate parity deviations from the perspective of a regulator or "curious observer." Specifically, we consider deviations from the triangular arbitrage parity, which specifies a parity relationship between a triplet of currencies such that agents cannot profit from an instantaneous transaction between these currencies. Based on our observations that the triangular parity does not hold exactly, we consider a stochastic version of (the log-form of) the triangular arbitrage parity by adding a noise term. This stochastic version of the parity corresponds to a regression model, in which the exact parity implies specific regression parameters. Our empirical methodology is sensitive to changes in the time series properties of the residuals (e.g., a transition from stationary to I(1) or explosive) and changes in the model parameters. That is to say, our analysis tests whether trading activities -or, in other words, market forces -result in significant deviations from a stochastic version of the triangular parity with stationary innovations and parameters implied by the exact parity. We consider such significant deviations as evidence of financial market dislocations.
To perform this analysis, we apply the monitoring tools of Wied (2015, 2017) . These tools use an expanding window detector to monitor residuals from a cointegrating regression, sequentially testing each time point (after a monitoring time period) for either a break from a cointegrating to a spurious regression, or a break in the parameters of the cointegration regression. This allows us to identify specific dates around which a break in a cointegration regression takes place and to explore the variables and/or historical events that might drive financial market dislocations.
While deviations from the triangular arbitrage parity in the market for fiat currencies have been shown to occur (see, e.g., Lyons and Moore, 2009; Kozhan and Tham, 2012) , they are usually rather rare. On the other hand, there is increased media attention towards the potential for arbitrage in the market for cryptocurrencies.
1 As the most well-known and liquid cryptocurrency, we therefore consider the cryptocurrency Bitcoin in our analysis, in addition to traditional fiat currencies. Arbitrage opportunities in the market for Bitcoin have also been examined by Dong and Dong (2014) , as well as Pieters and Vivanco (2017) .
Our results show that break-points in deviations from the triangular arbitrage parity are rare when only fiat currencies are included in the currency triplet; we only find deviations in two (out of 36 possible) currency triplets involving the U.S. dollar and other fiat currencies, and in no cases against the euro.
On the other hand, we detect a break-point in the majority of currency triplets that include Bitcoin. We show that our detected break-points correspond to major market events. Of particular importance to Bitcoin markets was the February 2014 bankruptcy and collapse of the largest Bitcoin-trading exchange at the time, Mt. Gox. Mt. Gox was a Tokyo-based Bitcoin exchange that, at that time of its collapse, was handling around 70% of the world's Bitcoin trades (see, e.g., Decker and Wattenhofer, 2014) . The bankruptcy resulted in the overnight loss of 473 million USD worth of Bitcoin, which substantially damaged investor confidence in Bitcoin (see, e.g., Fink and Johann, 2014) . Our results show that this 1 See, e.g., "Bitcoin's Crashing? That Won't Stop Arbitrage Traders From Raking in Millions," Wall Street Journal, 4 February 2018, available at https://www.wsj.com/articles/bitcoins-crashing-that-wont-stop-arbitrage-tradersfrom-raking-in-millions-1517749201 and "As China cracks down, Japan is fast becoming the powerhouse of the Bitcoin market", CNBC News, 29 September 2017, available at https://www.cnbc.com/2017/09/29/bitcoin-exchangesofficially-recognized-by-japan.html. In addition, extreme cases of price disparities between cryptocurrencies in different markets can be observed. For example, on 23 October 2017, the Bitcoin exchange platform Golix reported prices of around $9,600 per Bitcoin in the country of Zimbabwe, while at the same time Bitcoin traded at around $6,000 per Bitcoin in U.S.-based Bitcoin exchanges (see "Bitcoin is breaking all kinds of price records in cash-strapped Zimbabwe", Quartz Africa, 23 October 2017, available at https://qz.com/1109470/bitcoin-highest-price-is-in-zimbabwe-due-to-a-forex-shortage/). Such disparities clearly violate the law of one price, potentially leaving room for arbitrage opportunities. event in particular led to substantial deviations from the triangular arbitrage parity for a wide range of currency triplets that include Bitcoin. Overall, our results confirm the relative rarity of triangular arbitrage within the market for fiat currencies, while highlighting the potential for financial market dislocations within the newer market for cryptocurrencies.
Our dataset is described in Section 2, while Section 3 defines and provides more details on the triangular arbitrage parity. Section 4 describes the monitoring tools from Wied (2015, 2017) , used to detect deviations from the triangular arbitrage parity. Empirical results are presented in Section 5, and finally Section 6 concludes.
Data
Daily spot rates for fiat currencies are obtained from the Pacific Exchange Rate Service, which collects nominal noon spot exchange rates as observed and reported by the Bank of Canada.
2 These exchange rates represent averages of transaction prices and price quotes from financial institutions taken between 11:59am and 12:01pm Eastern time (ET). The sample includes exchange rates for the seven most actively-traded currencies on foreign exchange markets (USD, EUR, JPY, GDP, AUD, CAD, CHF), as well as three relatively inactively traded currencies (SEK, MXN, ZAR).
In addition, Bitcoin (XBT) exchange rates are obtained from bitcoincharts, a service that collects historical trade data from a cross-section of Bitcoin exchanges.
3 In order to match this data with our fiat currency sample, we collect all exchange-reported transaction prices and volumes between 11:59am and 12:01pm ET. Daily noon exchange rates are then calculated by taking the volume-weighted average transaction prices across exchanges. In this way, our Bitcoin rates should reflect the prices that would be available to Bitcoin traders at relatively the same time as our fiat currency observations. We collect
Bitcoin exchange rates against all fiat currencies in our sample for which data is available: USD, EUR, AUD, CAD, CHF, GBP, JPY, SEK, ZAR, MXN. To limit the effects of extreme prices, a minimum of three transaction prices is required to calculate the noon exchange rate. More details about the fiat and Bitcoin exchange rates are provided in Appendix A.1.
Due to the sparser nature of Bitcoin trading, this leaves us with missing values for some currencies.
2 The data is available through http://fx.sauder.ubc.ca/.
3 The complete trade history data is available publicly at http://api.bitcoincharts.com/v1/csv/. In order to be listed on bitcoincharts, exchanges voluntary submit their complete trade and orderbook history to bitcoincharts. Similar datasets are used in Fink and Johann (2014) and Pieters and Vivanco (2017) . In addition, Bitcoin exchanges are typically operating 24 hours a day.
To treat missing values, we proceed as follows: If less than three transactions are found to occur between 11:59am and 12:01pm ET, our algorithm then takes the next-closest observations to the target window in terms of time, until a minimum of three observations are found. More details regarding this procedure and the resulting precision of Bitcoin rates can be found in Appendix A.2. Figure 1 plots the exchange rates relative to the USD during our sample time period, which lasts from 1 May 2013 until 31 December 2015.
4 Note that the XBT/USD exhibits much higher volatility than the traditional fiat currencies. The largest peak corresponds to 29 November 2013, after a surge in retailer announcements that they would soon be accepting Bitcoin as payment, 5 and after hearing by the U.S. Senate demonstrated that they would take a more neutral position regarding digital currencies. Additionally, daily percentage bid-ask spreads for Bitcoin for the same time period are downloaded from Bitcoinity; the data includes percentage bid-ask spreads for all exchange rates except for against the South African Rand (ZAR) and Mexican peso (MXN). The bid-ask spreads are given separately for each Bitcoin exchange.
8 Bitcoinity calculates percentage bid-ask spreads as the percentage difference between the daily minimum ask price and maximum bid price; thus, these spreads do not represent a spread that would be available to a trader at a particular time, but should represent an upper bound on bid-ask spreads in the Bitcoin market. 7 On December 14, 2014, WM/Reuters moved to using a five-minute, rather than a 60-second, window, around 4pm GMT. See https://www.reuters.com/article/markets-forex-fixings/london-forex-fix-moves-to-5-minute-windowon-dec-14-wm-memo-idUSL6N0T73BW20141117. 8 The data is available from data.bitcoinity.org/.
against the USD, as well as the eight exchange rates against Bitcoin. From the table, it is clear that Bitcoin spreads tend to be much higher than those of fiat currencies. For example, the percentage spread for trading EUR against XBT is about 62 times larger than the spread for trading EUR against USD. Figure 2 plots the average percentage bid-ask spreads for exchange rates involving fiat currencies only and the average percentage bid-ask spreads for Bitcoin exchange rates over our sample time period.
The plot again highlights the difference in magnitude between the two groups of spreads, and also shows that they tend to follow different dynamics. 
The Triangular Parity
In modern financial theory, a market that does not admit arbitrage is said to be arbitrage-free. 10 One consequence of an arbitrage-free market is the "law of one price," or the idea that assets with the same cash flows should trade at the same price. It implies that the prices of related assets should be fundamentally linked, such that we should see arbitrage parities between the prices of related assets.
In particular, consider three currencies A and B, as well as V , where V denotes the so called "vehicle currency." Let S t,A/B denote units of currency A received for one unit of currency B in period t. Consider a capital market that is absent trading constraints as well as cost and in which agents are perfectly informed and have no market power (perfect capital market). In the absence of arbitrage, for any triplet of spot exchange rates S t,A/B , S t,A/V and S t,V /B , we obtain the triangular arbitrage parity:
In a frictionless and arbitrage-free market, we should always observe ln S t,A/B −ln S t,A/V −ln S t,V /B = 0.
However, for our empirical exchange rate data described in Section 2, we observe ln S t,A/B − ln S t,A/V − ln S t,V /B = 0 for all periods t and all currency triplets in our sample.
Under "normal market conditions", small deviations from arbitrage parities are expected to persist, for example, due to transaction costs. The existence of transaction costs create so-called "no-arbitrage bounds," within which the cost of an arbitrage trade is larger than its profit and thus these deviations persist in the market (see, e.g., Modest and Sundaresan, 1983; Klemkosky and Lee, 1991; Engel and Rogers, 1996) . Therefore, these deviations do not necessarily constitute tradable arbitrage opportunities. Whether our observations ln S t,A/B − ln S t,A/V − ln S t,V /B = 0 can be explained by transactions costs implied by bid-ask spreads will be explored in the next step. Figure 3 We then use the deviations ln S tA/B − ln S tA/V − ln S tV /A and investigate whether they stay within no-arbitrage bounds implied by transaction costs as measured using bid-ask spreads. To do this, we calculate upper and lower bounds, as well as approximate measures of the mean location of the spread.
In particular, Appendix A.3 calculates a measure of the largest spread,s, a 90% percentile measure, s 90% , a mean and a median spread measure, s mean and s median , and a measure for the smallest spread, s.
11 Deviations for fiat currency triplets in which the euro is used as the vehicle currency look very similar. 12 Anecdotal evidence puts the amount of Bitcoin held by institutional investors at about 1% as of 2017 (see, e.g., https: //bravenewcoin.com/news/bitcoin-2018-show-me-the-institutional-money/). Furthermore, the most recent data from Bitcoin trading services provider itBit shows that institutional investors make up a majority of OTC Bitcoin transactions, implying that when they do trade, they may prefer to do so off-exchange (see https://www.itbit.com/blog/itbit-bitcoinotc-market-recap-may-2016-infographic). Table 2 presents relative frequencies at which the deviations ln S tA/B − ln S tA/V − ln S tV /A exceed transaction costs as estimated by the above-mentioned no-arbitrage bounds. For all fiat currency triples, we find that the deviations are never larger than our estimates of implied transaction costs, meaning that these deviations stay well within the no-arbitrage bounds implied by bid-ask spreads.
13
On the other hand, Bitcoin currency triplets are shown to exceed implied transactions costs much more often. This is particularly striking, considering that the maximum spread measure is much higher for Bitcoin (see Table 1 ). Deviations in excess of maximum implied transaction costs remain relatively rare (less than 1%), with the exception of the triplet JPY-XBT-USD. However, a substantial proportion of deviations are above the upper bound implied by the 90% percentiles. Even for the most liquid Bitcoin triplet (EUR-XBT-USD), 22% of deviations are shown to exceeds 90% .
Therefore, it may be that arbitrage opportunities exist in the market for Bitcoin. However, it may also be that there are additional trading costs or frictions for Bitcoin that are not captured by bidask spreads, which limit the profitability of correcting deviations from the triangular arbitrage parity.
Such trading costs may come in the form of high exchange fees; Kim (2017) estimates a maximum Bitcoin exchange fee of about 0.5%, while Fink and Johann (2014) document Bitcoin exchange fees ranging between 0%-2%. Another factor is the high latency of bitcoin trading; Courtois et al. (2014) show that Bitcoin transactions can take up to 10 minutes, making it difficult to engage in simultaneous transactions with lower latency fiat currency markets. Bitocin traders can opt for more speed, but this requites the payment of a so-called "mining fee," which Fink and Johann (2014) estimate as about 1%-4% per Bitcoin. There are also a number of additional risks that are relatively unique to Bitcoin -such as higher risks of exchange insolvency and theft (see, e.g., Moore and Christin, 2013), or its association with illegal activity (see, e.g., Foley et al., 2018) .
[Insert Table 2 about here.]
After examining the deviations from the log-form of the triangular arbitrage parity (i.e., ln S t,A/B − ln S t,A/V − ln S t,V /B ) and a brief comparison of these deviations to the no-arbitrage bounds implied by bid-ask spreads, the next section will analyze whether these deviations are connected to significant market dislocations, in terms of deviations from a stochastic version of the triangular arbitrage parity 13 One caveat to this result might be the different time windows use for the calculation of spot rates (12pm ET) and bid and ask quotes (4pm GMT/11am ET). Studies such as Marsh et al. (2017) and Evans (2018) have focused on the fact that fiat currency markets display vastly different market microstructure dynamics during the "4pm London Fix", as large banks flood the market with liquidity in attempts to manipulate this benchmark spot rate. However, these studies show that spreads during the 4pm GMT window are much lower than at other times during the trading day. This would therefore bias our results towards finding more deviations outside the bounds.
with stationary innovations and parameters implied by the exact parity.
Monitoring Market Dislocations
Given the time series properties of log exchange rates as I (1) variables (see Appendix A.1), we consider the parity described in (1) as a cointegrating regression:
where D t ∈ R p is a vector of deterministic components with corresponding parameter vector α ∈ R p .
In the case of a constant D t = 1, with a constant and a time trend we get D t = (1, t). In addition,
In a frictionless and arbitrage-free market, α = 0 p =:
The following analysis applies stationarity monitoring, which monitors the residuals u t for a change in cointegration behavior. 14 Let [mT ] denote the integer part of mT , where m ∈ (0, 1), set β = (1, 1) and consider u t = y t − α D t − β * x t as well as the ordinary least squares (OLS) residuals u t :=
α m denotes the OLS estimate of α based on the regression model
The sub-sample (y t , x t : t = 1, . . . , [mT ] ) is used to estimate α as well as the long-run variance ω 2 := ∞ j=−∞ E (u t−j u t ). Since our monitoring procedure demands for these estimates, the calibration period
To test the null hypothesis of "no structural change", i.e., that u t is integrated of order zero (I(0)) and α = 0 p as well as β = (1, 1) for all t = 1, ..., T , Wagner and Wied (2015) obtain an expanding window detector based on the statistic 
W (s) is a standard Brownian motion and ⇒ denotes weak convergence (see, e.g., Davidson, 1994) .
break-point τ m is detected as the first s at which the test statistic H m (s) exceeds a critical value c(α, g).
In particular, given a significance level α, Wagner and Wied (2015) define
where g(s) is a continuous weighting function. We follow Wagner and Wied (2015) and set g(s) = 3
in the intercept only case and g(s) = 5 in the linear trend case. The critical values c(α, g) follow from
> c = α and can be obtained by means of simulations. A graphical illustration of the monitoring procedure is provided in Figure 5 .
[Insert Figure 
Results
This section describes the results from our empirical investigation of the triangular arbitrage parity in the foreign exchange and Bitcoin markets. Recall that the triangular arbitrage parity examines the relationship between a triplet of exchange rates. We include only permutations in which the USD or EUR are used as the vehicle currency. Furthermore, since S t,A/B ≈ 1/S t,B/A , permutations of the same three currencies are excluded (see also Pasquariello, 2014) . This leaves us with a total of 720/10/2 = 36 possible permutations of fiat currency triplets, and nine currency triplets involving Bitcoin, for each of the two vehicle currencies. This therefore leaves us with a total of 72+18=90 currency triplets.
Recall that our monitoring procedure should detect instabilities in the regression residuals u t or in the parameters α and β, from the regression in (2). Before we apply our monitoring tools, we use rolling window regressions to visually inspect whether the parameter estimates are close to the values implied by the triangular arbitrage parity. We consider rolling window parameter estimates for the regression model (2) setting p = 1 (i.e., only a constant, such that α = α). The size of time window is based on m = 0.2, such that each time window uses [mT ] observations. We estimate the parameters using fully modified least squares (FM-OLS), and abbreviate the estimated parameters by α + mR and β + mR (see Phillips and Hansen, 1990) .
Representative results for the estimates of α Overall, given the frequent observation of deviations outside of no-arbitrage bounds for currency triplets involving Bitcoin (see Figure 4) , as well as deviations of parameter estimates away from their theoretically implied values from the rolling window regressions (see Figure 6 ), we might expect that our monitoring tool will more likely reject the null hypothesis of "no structural breaks" in the cointegrating relationship for Bitcoin currency triplets.
To test these issues we performed stationary monitoring, which fixes parameters β = β * = (1, 1) and monitors the OLS residuals u t := y t − α m D t − β * x t as described in Section 4. We apply p = 1 (i.e., only a constant, yielding which is chosen to correspond to a relatively stable period for exchange rates. Observed break-points are presented in Table 3 , and generally show that we are much more likely to detect a break-point in the triplets that include Bitcoin. With the USD as the vehicle currency, we observe six break-points in the triplets where the cryptocurrency Bitcoin (XBT) is included (i.e., in two-thirds of the Bitcoin triplets), and only two break-points when the triplet is composed of fiat currencies only (5.5% of the 15 The results of some Wald-type tests based on the calibration sample are provided in Appendix B.
fiat-only triplets). Similarly, using the EUR as the vehicle currency leads to seven break-points in the Bitcoin triplets, and zero breaks in the fiat-only triplets.
[Insert Table 3 about here.]
Interestingly, the two breaks in the fiat-only triplets both include the Mexican peso (MXN), with breakpoint dates in October 2014. The Mexican peso experienced a rapid decline at the end of 2014 due to a drop in oil prices and strengthening of the U.S. dollar, which might have generated these deviations.
16
As we have shown that a high number of breaks are detected in the Bitcoin triplets, a next question would be whether the detected break-points tend to be clustered in time. However, other break-points for USD triplets do not not seem to clustered in time, although all take place after the Mt. Gox bankruptcy. From Figure 5 , our detector should lead to a detection time that is after the true break-point; therefore, it is not clear whether these later detection dates are due to a lagged reaction of our detector, or due to reactions to other market events. For example, it is likely that the the break-point of 19 January 2015 for the triplet CHF-XBT-USD is a result of the Swiss National Bank's abrupt ending to its cap on the CHF/EUR exchange rate just a few days earlier.
18
For the EUR triplets, depicted in Figure 8 , interestingly we see that the break-points indeed tend to be clustered in time, with most break-points clustered around the bankruptcy of Mt. Gox and the subsequent recovery. For the JPY-XBT-EUR triplet we detect a break-point on 29 January 2014. That is to say, for the JPY-XBT-EUR triplet the residuals u t are such different from zero already before Mt.
Gox bankruptcy, such that our detector infers a break-point. In the lead-up to its bankruptcy, Mt. Gox was experiencing problems throughout early 2014, as customer complaints over withdrawal delays and poor service began to increase.
19 Meanwhile, the break-points for almost all remaining Bitcoin triplets occur during the weeks and months after Mt. Gox bankruptcy, when trading was likely much more restricted due to the collapse of the major exchange. Our results imply that these trading restrictions may have lead to deviations from the triangular arbitrage parity for Bitcoin traders in a variety of currencies. However, given difficulties in the trading, it is possible that Bitcoin traders trading on exchanges were not able to take advantage of these arbitrage opportunities.
[ Note that a break-point detected by means of our monitoring tool does not automatically imply that arbitrage opportunities can be exploited. The deviations from triangular arbitrage could be due to costs and trading constraints that would prevent a profitable trade based on the deviations. Small deviations in α can be justified by rounding errors or measurement effects. However, a break-point detected by our monitoring tool indicates a substantial market dislocation. To see this, recall that a detected breakpoint supports the alternative hypothesis that either the noise terms u t are non-stationary (e.g., I(1) or explosive), for t ≥ τ m , or β = β * , for t ≥ τ m . To see that β = (β 1 , β 2 ) = β * = (1, 1) can be considered to be a strong dislocation, use (2), set α as well as u t to zero and take the exponential.
19 See, e.g., https://www.coindesk.com/poll-mt-gox-withdrawal-issues/.
This yields the implausible result that the equality S t,A/B = S β1 t,A/V S β2 t,V /B holds for the exchange-rate triplet considered. Recall that the rolling window regressions show estimates of β very close to β * for the fiat currency triplets, while for triplets including Bitcoin deviations of the estimates β + mR from β * can be observed.
Summary
This paper uses the monitoring tools of Wied (2015, 2017) in order to investigate deviations from the triangular arbitrage parity in foreign exchange markets. In this way, we contribute to the literature on financial market dislocations by introducing new econometric tools with which to detect substantial mispricings in the market. To examine this issue, we collect spot exchange rates for ten fiat currencies, and use transaction data to construct spot rates for the cryptocurrency Bitcoin. Using the stationarity monitoring tool from Wagner and Wied (2015) , which monitors the stability of a cointegrating relationship over time, our results confirm that deviations from the triangular arbitrage parity are rare for fiat currencies. From a total of 72 different triplet permutations of traditional fiat currencies, we find only little evidence for a structural break in the cointegrating relationship implied by the triangular arbitrage parity.
On the other hand, for currency triplets involving the cryptocurrency Bitcoin, we detect breakpoints in the majority of cases. Most dates of the detected break-points closely correspond to market events, such as the Swiss National Bank's surprise lifting of its cap on the Swiss franc, and also to the bankruptcy of and resulting trading halt on Mt. Gox, which at the time of its bankruptcy was the largest Bitcoin-trading platform in the world. This perhaps reflects the finding as in Glaser et al. (2014) that Bitcoin is more of a speculative asset than it is a currency. Exchange rate quotations A/B are expressed as the units of currency A received for one unit of currency B. For cointegration monitoring one central assumption in our analysis is that log exchange rates are I(1). Therefore, we test each exchange rate pair individually for I(1) behavior using common tests for stationarity and present the results in Table 5 , for each currency paired against the USD.
A Exchange Rate Data and Bid-Ask Spreads

A.1 Times Series Properties of Exchange Rate Data
21
Panel A shows that, as expected, the augmented Dickey-Fuller (ADF) and Phillips-Perron (PP) tests fail to reject the null hypothesis of a unit root when testing all log exchange rates in levels. Likewise, the Kwiatkowski et al. (1992) (KPSS) test rejects the null of stationarity for all log exchange rates.
On the other hand, the test results from Panel B shows that first-differences of all log exchange rates exhibit stationarity. Therefore, evidence from these tests affirms that log exchange rates are indeed I(1).
22
[Insert Table 5 Table 6 shows summary statistics on the precision of our Bitcoin noon exchange rates with respect to the target window of 11:59am and 12:01pm ET. As expected, USD/XBT and EUR/XBT are the most precise: 88% and 65% of our noon exchange rates capture only observations within the target window, and typically more than three observations are found within the window (and average of 65 20 Note that, as multiple currencies are involved in a currency trade, the sum of the average daily turnover rates for individual currencies is greater than 100%.
A.2 Precision of Bitcoin Data
21 Results for currencies paired against the EUR are similar. 22 In addition, to exclude the possibility of cointegration relationships between the components of xt, we run Johansen cointegration tests on pairs of exchange rates xt = ln S t,A/V , ln S t,V /B . The tests assess the null hypothesis of a cointegration rank ≤ r, where r = 0 or r = 1. We fail to reject the null for 89% of the currency pairs in the case of r = 0, and fail to reject the null for 99% of the currency pairs in the case of r = 1.
for USD/XBT, and 13 for EUR/XBT). The Bitcoin rate against the Mexican peso, MXN/XBT, is the least precise: results show that a MXN/XBT observation never occurs during the target window, and the median time distance of observations away from the target window is about ten hours. All-in-all, the results show that our methodology captures rates that on average occur at least within a 12-hour window around the target window. Figure 11 plots the histogram of observations used to calculate Bitcoin noon exchange rates that fall outside of the target window. Observations are binned according to hours away from the target window. As expected, USD/XBT and EUR/XBT are clustered around 0, while other currencies have wider tails. Interestingly, most currencies see a spike around 12 hours after the target window; this might be because of Bitcoin exchange operating hours, or due to time zone effects of the countries in which the paired fiat currency is traded.
[Insert Table 6 and Figure 11 about here.]
We believe that this approach is superior to using daily averages of Bitcoin prices. Using only the Bitcoin prices that are within or closest to the same two-minute window as our fiat currency spot rates allows us to more accurately capture prices that would be present in the market at approximately the same time, and thus be available simultaneously to traders looking to engage in triangular arbitrage.
However, there are a few drawbacks. First, given the 24-hour nature of Bitcoin exchange trading and the dominance of non-U.S. exchanges (Fink and Johann (2014) find that, of the top five most liquid Bitcoin exchanges, none are based in the United States), a 11:59am-12:01pm ET time window may not necessarily be a representative time period for Bitcoin markets. Secondly, Bitcoin transactions have a much higher latency than transactions in fiat currencies, due to the need to verify and confirm Bitcoin transactions within the blockchain network (see, e.g., Courtois et al., 2014) . Therefore, traders may only be able to exploit arbitrage opportunities with some amount of lag in Bitcoin markets that is longer than the two-minute window.
A.3 Bid-Ask Spreads
We defined the percentage bid-ask spread as the relative bid-ask spread in percentage terms δ tA/B = and maximum ask, therefore representing a daily upper bound. Secondly, we take the maximum across exchanges. Our resulting calculations of Bitcoin spreads larger by a magnitude of 10 than those found in, e.g., Kim (2017) . Meanwhile, underestimating fiat currency bid-ask spreads would only bias our results towards finding more deviations outside of spreadimplied no-arbitrage bounds, which we do not find. Therefore we do not believe that our procedure adversely underestimates the relative bid-ask spread in calculating the lower and upper bounds.
B Cointegration Monitoring
A further way to monitor market dislocations is cointegration monitoring, which is also proposed by Wied (2015, 2017) . Given the time series properties of exchange rates, the process {x t } t∈Z ,
x t := ln S t,A/V , ln S t,V /B , follows a vector random walk process x t = x t−1 + v t , where {v t } t∈Z is integrated of order zero (I(0)). The stacked process {η t } t∈Z , η t = (u t , v t ) , which is I(0) under the null hypothesis. To obtain the asymptotic limit distribution the authors assume that a functional central limit theorem holds. That is,
t=1 η t weakly converges to the Brownian motion B(r) = Ω 1/2 W(r),
where Ω denotes the long-run covariance matrix of η t and W(r) is a standard Brownian motion ∈ R 3 .
Note that:
where Ω is assumed to be regular and finite. By this assumption, cointegration relationships between the components of x t are excluded. Given these assumptions, equation (2) and p. For DOLS and IM-OLS we can proceed in a similar way. For more details we refer the reader to Wied (2015, 2017) .
In addition, estimating α and β provides us with the opportunity to run a Wald-type test to infer Hence, by assuming that the log-exchange rate time series are integrated of order one (I(1)), we 24 The asymptotic limit distributions for FM-OLS, DOLS, and IM-OLS are provided in Wied (2015, 2017 first, a joint test of all parameters, α = 0 and β 1 = β 2 = 1 ("all-parameters hypothesis"); a test of α = 0 ("alpha hypothesis"), and a joint test of the betas, β 1 = β 2 = 1 ("beta hypothesis").
For the USD triplets, the Wald-type test rejects the null hypothesis that all parameters are equal to their theoretically implied values for one-third of the fiat-only currency triplets, but for all of the currency triplets that include Bitcoin. We reject the "alpha null hypothesis" that α = 0 in five (14%) of the fiat-only triplets, and in five (56%) of the Bitcoin triplets. Likewise, the "beta test" rejects the "beta null hypothesis" that β 1 = β 2 = 1 in three (8%) of the fiat-only triplets, and in 3 (33%) of the Bitcoin triplets. Likewise, for EUR triplets, we reject the "all-parameters null hypothesis" for six (17%) of the fiat-only and all of the Bitcoin triplets, the "alpha hypothesis" for five (14%) of the fiat-only and five (56%) of the Bitcoin triplets, and lastly the "beta hypothesis" is rejected for just two (5.5%) and three (33%) of the fiat-only and Bitcoin triplets, respectively. 
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CHF-JPY-USD
These figures plot the deviations ln S tA/B − ln S tA/V − ln S tV /A for a variety of currency triplets that only include fiat currencies, in which the U.S. dollar (USD) is used as the vehicle currency. The black dotted line corresponds to the cut-off between the calibration and monitoring time periods 
Monitoring Stationarity Errors
These figures plot the OLS residuals ut := yt − α m − β * xt as described in Section 4. The black dotted line corresponds to the cut-off between the calibration and monitoring time periods, and the red dotted line corresponds to the detected break-point (if any) in the deviations from triangular arbitrage parity for the currency triplet shown These figures plot the histogram of observations used to calculate Bitcoin noon exchange rates that fall outside of (before or after) the target window of 11:59am to 12:01pm. Histograms are presented separately for each currency. Results are presented for log exchange rates in levels (Panel A) and in first differences (Panel B). Note that ">" and "<" mean that the test statistics are above or below the maximum and minimum tabulated critical values, resp. The minimum tabulated critical values are at the 1% confidence level for the KPSS test and and at 0.1% for the ADF and PP tests. The maximum tabulated critical value for the KPSS test is at 10%. 
